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Snapshot spectral imaging is rapidly gaining interest for remote sensing applications. Acquiring spa-
tial and spectral data within one image promotes fast measurement times, and reduces the need for
stabilized scanning imaging systems. Many current snapshot technologies, which rely on gratings or
prisms to characterize wavelength information, are difficult to reduce in size for portable hyperspectral
imaging. Here, we show that a multicore multimode fiber can be used as a compact spectral imager with
sub-nanometer resolution, by encoding spectral information within a monochrome CMOS camera. We
characterize wavelength-dependent speckle patterns for up to 3000 fiber cores over a broad wavelength
range. A clustering algorithm is employed in combination with l1-minimization to limit data collection at
the acquisition stage for the reconstruction of spectral images that are sparse in the wavelength domain.
We also show that in the non-compressive regime these techniques are able to accurately reconstruct
broadband information.
© 2018 Optical Society of America. Users may use, reuse, and build upon the article, or use the
article for text or data mining, so long as such uses are for non-commercial purposes and appropriate
attribution is maintained. All other rights are reserved.
1 Introduction
Hyperspectral and multispectral imaging are of great
importance for acquiring both spatial and spectral in-
formation, with applications in environmental sens-
ing to threat detection. For many years, scanning-
based hyperspectral imaging techniques, such as
pushbroom and whiskbroom spectral imaging sys-
tems, have been at the forefront of sensing ap-
proaches. While they have been widely used in re-
mote sensing applications, scanning systems have
many drawbacks, such as the requirement of perform-
ing many sequential measurements in order to recon-
struct an image. A more desirable approach for many
scenarios is the use of snapshot technologies, which
acquire both spatial and spectral information in one
measurement. Commonly seen in astronomy, Integral
Field Spectrometers (IFSs) aim to acquire full hyper-
spectral data cubes within single snapshot images,
with many based on lenslet arrays, fiber bundles, and
slicing mirrors [1, 2, 3, 4, 5, 6]. However, most de-
vices rely on grating-based wavelength characteriza-
tion, with device footprints scaling with spectral res-
olution. Alternative techniques using thin-film filters
have also been employed which can be scaled more
easily for portable applications. However, in many
cases, these are limited to narrow spectral ranges
with a restricted spectral resolution. In recent years,
a new category of spectrometers has been proposed,
which exploits the natural properties of complex ma-
terials [7, 8, 9, 10, 11, 12, 13, 14, 15, 16]. The use
of random media in controlling information has fol-
lowed our understanding that disorder provides new
opportunities for highly multi-mode data processing
[17, 18, 19, 20, 21, 22]. Complex systems have the
advantage of allowing transmission over broad wave-
length ranges with a spectral resolution that depends
mainly on the scrambling strength of the medium.
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Recently, other solutions for spectral imaging have
been demonstrated based on thin diffractive optical
elements [23, 24] and by exploiting the memory effect
of a ground-glass diffuser [25].
Next to complex scattering media, multimode fibers
are receiving considerable interest for imaging and
spectroscopy owing to their high throughput and
their use in applications such as remote sensing
and endoscopy [26, 27]. By exploiting wavelength-
dependent speckle patterns from a multimode fiber, a
spectral resolution of picometers in the near-infrared
and nanometers in the visible region has been demon-
strated [28, 29]. By taking advantage of off-the-shelf
fiber technology, the potential cost of these speckle-
based spectrometers can be significantly lower than
traditional spectroscopy devices.
2 Fiber imaging spectrometer
An important aspect of hyperspectral imagers is the
generation of vast amounts of data, accompanied
by challenges in processing. Modern techniques,
such as coded aperture snapshot spectral imaging
(CASSI), are moving towards minimizing data col-
lection at the acquisition stage by using computa-
tional methods to sample below the Nyquist-Shannon
limit [30, 31, 32, 33, 34, 35, 36, 37, 38]. If a sig-
nal is sparse, with only few non-zero terms, a lot of
redundant information is collected to meet the re-
quirements of the sampling theorem. It was shown
by Cande`s, Romberg, Tao, and Donoho that a signal
could be sampled below this classical limit and fully
reconstructed by minimizing the number of non-zero
components in the solution [39, 40]. This led to a new
era of data collection, known as compressive sensing
(CS). This emerging field has enabled a new wave of
imaging and sensing modalities, such as single-pixel
cameras [41]. Recently, it has been shown that mul-
tiple scattering of light works in harmony with CS,
as information from all inputs can be accessed from
a small number of measurements, due to mixing of
input and output degrees of freedom [19]. In pre-
vious work, we used a multiple scattering layer of
GaP nanowires to demonstrate reconstruction of hy-
perspectral information on a 9x9 pixel array [16].
Here, we use a rigid multicore multimode fiber ar-
ray (MCMMF) in combination with a monochrome
CMOS camera to demonstrate a high resolution, high
throughput, imaging spectrometer with over 3000
individual pixels. The spectrometer makes use of
the interference between modes within each core of
a 30 cm-length fiber bundle to produce frequency-
dependent speckle patterns. We take advantage
of CS, in combination with a clustering algorithm,
to measure a spectral intensity transmission matrix
(STM) of each core within the MCMMF, demon-
strating efficient acquisition of spatial and spectral
information in one measurement for snapshot spec-
tral imaging.
A collimated light source was imaged onto the facet
of the MCMMF (Edmund Optics, Fiber optic im-
age conduit, 40-643), as shown in Fig. 1(a) and
(b). The resulting beam spot size on the MCMMF
facet spanned the total diameter of the fiber. The
308.5 mm length of MCMMF, with outer diameter
3 mm, consisted of approximately 3000 multimode
fibers, which defined the number of spatial pixels in
the resulting spectral images. Each fiber core had
a diameter of 50 µm. The number of modes cou-
pled into each step index fiber using this set up, was
approximately 85 modes at a wavelength of 670 nm
(see Appendix A for calculation). The end of the
MCMMF was imaged onto a monochrome camera us-
ing a relay lens consisting of a matched pair of two
achromatic doublet lenses, each with focal length of
3 cm. A 12-bit, 5 MPixel monochrome CMOS ar-
ray (AVT Guppy) of 2.2 µm x 2.2 µm pixel size was
used to measure the output speckle information. The
size of individual speckle grains was approximately
matched to the size of one camera pixel in order to
optimize the information content of the image. The
absence of a polarizer at the fiber output maximized
the throughput of the system to 45% but reduced the
speckle contrast by a factor of
√
2.
In order to probe the spectral correlation bandwidth
of the MCMMF, a Continuous Wave External Cav-
ity Diode Laser (ECDL), with central wavelength
of 780 nm, was tuned over a bandwidth of 5 nm
[42]. Measurements of consecutive speckle patterns
produced by monochromatic light were taken as the
wavelength was changed. The spectral correlation be-
tween the patterns is presented in Fig. 1(d) and shows
a width of 1.4 nm. For the testing and calibration
of our imaging spectrometer over a large bandwidth,
a spectrally tunable source was obtained by filtering
from a supercontinuum laser (Fianium, SC-400-2) us-
ing a 600 lines / mm reflection diffraction grating
and a 10 µm single-mode optical fiber, resulting in
a output spectral bandwidth of 0.5 nm. The input
wavelength was confirmed by a commercial spectrom-
eter (Ocean Optics, USB4000). The total correlation
width of the fiber spectrometer and source was there-
fore 2.1 nm (see Fig. 1(d)). As the calibration light
had a greater spectral bandwidth than the spectral
correlation width of the MCMMF, the speckle con-
trast was reduced.
The spectral correlation of multimode fiber spectrom-
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Figure 1: Characterizing a fiber imaging spectrometer. (a) Setup showing broadband supercontinuum
calibration laser (CL), 10× beam expansion (f1 and f2), and diffraction grating (DG). One wavelength from
the resulting spectrum is selected using a 10 µm pinhole (PH) and single mode fiber (SMF). (b) Light from the
SMF is collimated using lens f3. Objects are imaged onto the input of a multicore multimode fiber (MCMMF)
using a 3 cm lens (f4) and a 10× objective (O). Light transmitted through the fiber bundle is imaged onto a
CMOS camera using a relay lens pair with 3 cm focal length (RL). (c) SMF is mounted on a rotation stage,
with lens f5, to deliver light at angle, θ to the MCMMF. Output light is imaged onto a monochrome CCD
using f6 and f7. (d) Spectral correlation width of: the MCMMF, with full-width half maximum (FWHM) of
1.4 nm obtained using narrowband laser source; the system when using the supercontinuum calibration laser
source (CL), resulting in FWHM of 2.1 nm. (e) Camera images of speckle patterns produced by MCMMF
cores, with incident angles of θ=0°, 2°, 4°. The corresponding angle correlation functions are shown for each
θ. The shaded regions in (d) and (e) correspond to the standard deviation across all fiber cores.
eters scales with 1/L, where L is the length of the
fiber, implying that high spectral resolutions can be
achieved with long MCMMFs. This can be seen
in Appendix B, where the correlation widths are
shown for two MCMMFs with L = 25.4 mm and
L = 152.4 mm, respectively. Every multimode fiber
within the image conduit produces an independent
and unique speckle pattern which changes with wave-
length. By storing these wavelength ‘fingerprints’ for
every spatial position, the original spectral signals
can be determined.
An important aspect of fiber-based spectral imaging
systems to consider is the incident angle with which
light enters the fiber system. As angle dependence
can affect the calibration of a speckle spectral imag-
ing system, interesting quantities to investigate are
the short range correlations which are present in mea-
surements such as, in this case, the angular mem-
ory effect. Figure 1(c) shows the experimental setup
used to probe the angle dependence of speckle pat-
terns produced by a 30 cm-length of MCMMF with
core diameter 50 µm. Speckle patterns were mea-
sured after light of a known incident angle was sent
through the system, resulting in images such as shown
in Fig. 1(e). For an incident angle of 0°, Nm corre-
sponds to roughly a single transverse mode, showing
that light can only couple to a small number of modes
at small incident angles. With increasing incident an-
gle, a larger number of modes is excited, as deduced
from the size and number of speckle grains produced
by each core. The corresponding angle correlation
functions for θ = 0°, 2°, 4°, are shown beneath the
camera images. With a full-width at half maximum
of around 1◦, the numerical aperture for single speckle
imaging amounts to 0.017, or an F-number of 29. For
our spectral imaging system, we used an incident an-
gle of around 3.5°, which optimizes the number and
size of speckle grains onto our camera pixels, thereby
allowing a high spectral resolution.
3 Algorithm for spatial and
spectral imaging
A spectral intensity transmission matrix (STM) was
obtained for every fiber core, as illustrated in Fig. 2.
The STM maps spectral information of the input onto
a spatial distribution of camera pixels within each
fiber core. Each of the camera pixels, therefore, has
the ability to reconstruct spectral information using
the STM. In order to build the STM, the center po-
sitions of every fiber core seen on the camera image
must be known. Because of the large number of cores
and their slightly irregular placement in the bundle,
we employ a Density-Based Spatial Clustering of Ap-
plications with Noise (DBSCAN) algorithm to iden-
tify the fiber cores from the camera image and to
determine their corresponding center position [43].
This algorithm significantly reduces the time taken
to gather the fiber core locations, and results in a
relatively low number (<1%) of defects in our recon-
structed images where the algorithm failed to iden-
tify a core. The zoomed-in region of the MCMMF in
Fig. 2 shows that, for homogeneous illumination with
a single wavelength, some of fibers appear to produce
similar patterns, but variations in the speckle pat-
terns are observed between all of the fibers. These
variations reflect small differences between individ-
ual fibers in the bundle, showing that an individual
layer of the STM is required for each core.
To calibrate the STM, the source was scanned across
a number of wavelengths, X, and the resulting speckle
information was recorded by the 12-bit monochro-
matic camera. An area of interest (AOI) consisting
of a number of camera pixels, Y, was selected for
each core. The pixel information collected was un-
wrapped into a column vector of length Y, and was
stored in the STM for every spectral channel. An
example STM for a single core is shown in Fig. 2.
Our imaging spectrometer is described by a linear
equation y = Ax + c, where y is the vector of se-
lected camera pixels, A is the STM, x is the spectral
input, and c is inherent noise in the system. Since
A is known and y can be measured with our camera,
we can solve the problem for x using a matrix inver-
sion. However, we need to employ a computational
technique that can compensate for the noise, c.
One approach utilizes the properties of CS to sup-
press background noise in the reconstructions. To
take advantage of CS, the domain in which the mea-
surement is sparse should be known. For our imaging
spectrometer we assume that the spectra in each spa-
tial channel are sparse. As sufficient spectral infor-
mation is contained within a small area of the speckle
patterns, the area of interest collected at the acquisi-
tion stage can be minimized. In general, if fewer cam-
era pixels are stored than calibrated spectral bands,
the system is under-determined and cannot be solved
using classical inversion techniques. In this case, we
can exploit the realm of CS to find a solution.
For each of the N spatial coordinates (fiber cores), we
computed the following l1-norm operation:
minimize ‖ANxN − yN‖1 s.t. x > 0. (1)
This method was implemented using an open-source
convex optimization package, CVX [44]. In this way,
spectral information can be obtained separately for
each core, and a spectrum can be observed by plotting
the resulting intensities against wavelength as deter-
mined by the STM. To plot spectral images, spatial
intensities at a selected wavelength were assembled
using the known fiber coordinates, and a kernel con-
volution was performed to plot the points with the
equivalent size to the fiber core diameters. This pro-
cedure enabled the spatial reconstructions shown in
Fig. 3 and Fig. 4.
This technique is able to reconstruct an input signal
using a small number of measurements, and there-
fore enables us to reconstruct a sparse input, x, when
sampling below the rate permitted by the Nyquist-
Shannon theorem. In the following, we use this
method to recover both under-sampled and oversam-
pled speckles for sparse and more broadband signals,
respectively.
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Figure 2: A schematic showing the principle of the MCMMF STM calibration. Light travels through a
MCMMF and the cross-section of the end of the fiber is imaged on to a camera. A clustering algorithm,
DBSCAN, detects the positions of the speckle patterns produced by each fiber core on the camera. These
coordinates are then used to calibrate a STM by measuring wavelength-dependent speckle patterns at every
position and storing them in a 3-dimensional data cube. The coordinates are also used to search any arbitrary
image for spectral signatures at those positions after calibration.
4 Characteristics of fiber imag-
ing spectrometer
For the STM to reconstruct spectral information with
high fidelity, it is necessary to select an AOI from the
speckle patterns that contains sufficient information.
Figure 3(a) explores the scaling of the reconstruc-
tion quality against the ratio of the number of AOI
camera pixels, Y, to the number of independent spec-
tral components, X. The STM was calibrated between
694 nm and 609 nm, and contained 43 independent
wavelength channels. The parameter Y/X defines
the sampling condition, with the Nyquist-Shannon
sampling theorem indicated by the dashed line at
Y/X= 1, with Y/X > 1 corresponding to oversam-
pling and Y/X < 1 to under-sampling. The recon-
struction quality is quantified by the correlation be-
tween the original spectrum and the reconstructed
spectrum. For the STM and the second “output”
dataset, two different measurement sets were used
which were obtained consecutively using the same
setup.
In Fig. 3(a) two different conditions were tested, cor-
responding respectively to spectra consisting of a sin-
gle wavelength (Nλ = 1, relative sparsity ratio 2.5%),
and ten wavelengths (Nλ=10, relative sparsity ratio
25%), where Nλ denotes the number of nonzero wave-
length components within the spectrum, and the rela-
tive sparsity ratio Nλ/X gives the number of nonzero
elements as a fraction of the total number of cali-
brated wavelength bands [19]. Above the sampling
limit (Y/X > 1), the STM is efficient in recover-
ing both spectra. Below this threshold, the spec-
tral reconstruction deteriorates. It is evident that
single wavelengths can be reconstructed with a very
small amount of information, with the smallest STM
containing 9 camera pixels for each calibrated wave-
length. In the case of the more dense spectrum with
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Figure 3: Imaging spectrometer robustness. (a) A STM illustrates the ratio between the number of camera
pixels sampled, Y, and the number of calibrated wavelength increments, X. The resulting correlation between
a known input spectrum and the resulting output spectrum is determined as Y/X is varied for two different
spectra: Nλ=1 and Nλ=10, where Nλ is the number of wavelengths contained within the spectrum. The
letters A, B, C, and D correspond to those labeled in (c) and (e). (b) Correlation between a known input
spectrum and reconstructed spectrum, with an increasing Nλ, for three different sampling rates. The upper
x axis shows the percentage of wavelengths in the spectrum from the STM wavelength calibration. (c) A
speckle pattern produced by one fiber core. Illustrated are four different areas selected to build a STM,
each labeled A to D enclosing the smallest to largest pixel number, respectively. (d) Camera image showing
resulting light after light travels through the multimode multicore fiber. The coordinates identified by the
DBSCAN clustering algorithm are plotted to show the areas where the STM will be applied to. (e) Four
reconstructed images, each with a different sampling rate (Y/X=0.14, 0.32, 0.90, 2.01) for both the STM
and the output data recorded. (f) Computational experiment to probe the robustness of the CS technique
for three different sampling rates as artificial random i.i.d. noise is increased.
25% sparsity, we see a marked decrease in the under-
sampling regime. Taking a correlation > 0.5 as the
criterion for reconstruction quality, the smallest STM
to provide reasonable reconstruction is obtained for
Y/X= 0.45.
The condition Y/X= 1 is equivalent to the sampling
condition in our spectral imaging system, and de-
scribes the shape of the STM and its mathematical
inversion capability. This definition does not take
into account additional sample-induced correlations
present in the speckle pattern. These correlations ef-
fectively reduce the total information contained in the
STM and tend to shift the curves in Fig. 3(a) to the
right, i.e. for a larger effective Y/X. In our imaging
configuration, a single speckle grain covers around 4
camera pixels.
In Fig. 3(b) the same parameter space is explored
in more detail against the number of nonzero spec-
tral components Nλ (and relative sparsity ratio, top
axis), for three different values of the sampling rate
Y/X. The MCMMF system can reconstruct a spec-
trum containing nonzero elements of up to all 43 cal-
ibrated wavelengths simultaneously when sampling
far above the sampling threshold. In particular, we
find high correlations above 0.9 for Nλ = 30 (rela-
tive sparsity ratio 75%). When sampling at and be-
low the threshold, for Y/X=1.1 and 0.84 respectively,
the correlation decreases, but reasonable performance
(correlation > 0.5) is obtained up to 35 and 25 wave-
lengths. Overall the trends show a decrease in recon-
struction capability with increasing relative sparsity
ratio, as a consequence of exploiting CS. Shaded re-
gions in this and following Figs. indicate the width
(standard deviation) of the distribution in correlation
amplitudes when evaluating all individual fiber cores.
In this case, consistent behavior is shown over the en-
tire bundle, although a greater variation is seen for
lower sampling rates. This result shows that over-
sampling pixel information allows the reconstruction
of broadband signals. Furthermore, sparse spectral
signals can be reconstructed using our system when
sampling below the Nyquist-Shannon limit.
While Figs. 3(a) and 3(b) show the performance av-
eraged over all fiber cores, it is of interest to investi-
gate how reconstruction quality affects the imaging
capabilities. Figure 3(c) shows the zoomed-in de-
tail of a typical speckle pattern produced by one of
the cores in the fiber bundle. Four areas are high-
lighted corresponding to the pixel area of the speck-
les selected to build the STM, with the smallest to
largest boxes denoted using the letters A to D, re-
spectively. For the letter reconstructions presented
here and further below, the STM was calibrated with
111 wavelength channels with a separation of 0.4 nm.
In Fig. 3(d) the raw camera image is shown, with
the coordinates identified by the DBSCAN cluster-
ing algorithm (red crosses) indicating the areas the
STM is applied to. The resulting spatial reconstruc-
tions are shown in Fig. 3(e), labeled A to D, when
Y/X=0.14, 0.32, 0.90, 2.03, respectively. The recon-
structions show the values of the selected component
of x corresponding to the input wavelength. Recon-
structions B, C and D share a close resemblance with
the camera image which consisted of a single wave-
length component. The agreement shows that good
imaging performance is obtained when the STM and
resulting output are sampled at rates lower than the
sampling criterion of Y/X= 1. We see a noticeable
degradation in reconstruction A, where Y/X= 0.14,
due to insufficient spectral data contained within a
very small number of pixels (4 pixel × 4 pixel area).
However, it is still possible to recognize the shape of
the letter in the wavelength channel above the noise
background. Importantly, other wavelength channels
do not show this shape (see supporting information
in Appendix D).
A challenge in image reconstruction is posed by non-
specific signals or noise that can be present in the
scene itself, in the imaging system or in the detection
electronics. To probe the robustness of the system
against noise, we tested the reconstruction of a single
spectral component in the presence of added compu-
tational noise. For this purpose we used the exper-
imental dataset of Fig. 3(b) at Nλ = 1. We then
computationally added random independent, identi-
cally distributed (i.i.d.) noise, of relative strength
increasing from 0 to 50% of the average intensity,
to the measured dataset. Fig. 3(e) shows the spec-
tral reconstruction capability for the three sampling
rates probed in Fig. 3(b). We find a correlation > 0.5
for up to 40% noise, with most spectral information
being reconstructed correctly and without a strong
dependence on the sampling rate Y/X. This confirms
that our spectral imaging system is robust to noise,
irrespective of sampling rate.
5 Hyperspectral reconstruc-
tion
To demonstrate the combined spatial and spectral
reconstruction capabilities of the MCMMF system
we used a composite image consisting of a superposi-
tion of 16 individual, experimentally-measured letter-
shaped objects, with each object located at a different
optical wavelength. Figures 4(a)-(d) summarizes the
experiment, where the raw composite image is shown
in Fig. 4(b). Small variations in intensity over the
image are due to different weights of the individual
letters, however it is not possible to distinguish the
individual components from the composite by eye.
The CS technique, however, is capable of separating
the individual spectral contributions. We extracted
spatial and spectral information about the original
objects using a sampling rate of Y/X= 4. For this
experiment, the STM was calibrated in increments of
0.4 nm over a wavelength range of 654 nm to 697 nm.
Spectra reconstructed from two selected fiber cores
are shown in Figs. 4(a) and 4(c), for cores marked
with the orange and red circles, respectively. The cen-
tral wavelengths of the known spectral components
are illustrated with red dashed lines. As the linewidth
of the illumination light source was slightly larger
than the spectral band spacing, we observe recon-
structions for three consecutive wavelengths around
the known wavelength. Despite the core containing
a large amount of spectral data, the STM can cor-
rectly identify the main wavelengths corresponding
to letters. It is evident that there are some smaller
reconstruction peaks within the spectrum: some are
due to a partially illuminated fiber core with a low in-
tensity at the corresponding wavelengths (e.g. letter
S at 665.9 nm), and others correspond to reconstruc-
tion noise. The spectra of the two selected cores have
relative sparsity ratios of 12% and 4% respectively.
Figure 4(d) shows the corresponding spatial recon-
structions, where all 16 letters are efficiently recon-
structed from the snapshot composite image in (b),
with very little apparent cross-talk. As discussed,
some fiber cores in the bundle are missing from the
calibration, giving rise to a few gaps in the total im-
age, and hence a minimal amount of spatial informa-
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Figure 4: Reconstructing spatial and spectral information. (a) Spectrum from one spatial position (orange
circle) reconstructed using the CS technique, with the letters corresponding to the wavelength labeled. The
reconstructed spectrum is compared with that measured by a commercial spectrometer. (b) Conjugate cam-
era image of 16 letters, each measured using a different wavelength. (c) As in (a), a spectrum reconstructed
from the speckle pattern highlighted with red circle in (b). (d) Reconstructed spatial information for each
spectral channel for the speckle image in (b). In total 16 letters are reconstructed from one application of
the STM to the output information.
tion is lost from the reconstructions. Furthermore,
the observed gaps in letters such as ‘P’ and ‘R’ are
features inherent in the stencil-type letter aperture
used. Small amounts of background noise in the re-
constructions account for the low noise values in the
spectral reconstructions. However, overall we find
that the spectral images across > 1000 spatial chan-
nels can be reconstructed with good accuracy in a
single measurement.
6 Discussion
Speckle-based spectroscopy using complex media has
made much progress in recent years, in an attempt to
bridge the gap in current spectroscopy techniques, for
high resolution, portable applications. While there
have been many breakthroughs using disordered sys-
tems, there are also considerations to make when cal-
ibrating these speckle sensing devices. As speckle
patterns are sensitive to changes in the properties of
input light, fiber orientation, and temperature, they
can be used as highly accurate sensors [45, 46, 47, 48].
However, if these parameters are not well known, they
can cause decorrelation of the calibrated matrix.
In the case of our spectral imager, the stability of
the system was found to be constant throughout the
duration of our measurements, on the order of a few
hours. Environmental sensitivity derived from tem-
perature changes has been shown to be easily com-
pensated for by observing shifts in wavelength identi-
fication, implying that additional data does not need
to be collected to account for temperature variations
post-calibration [28]. As the MCMMF has a rigid
structure, the resulting speckle patterns are insensi-
tive to accidental bending, which often limited pre-
vious demonstrations of multimode fiber-based spec-
troscopy due to the de-correlation of speckle patterns
with fiber bending.
Perhaps one of the main limitations of the MCMMF
system is its finite angular correlation width. The
spectral imaging system described here had a corre-
lation width of approximately 1◦, which was propor-
tional to the incident angle of the input light (see
Appendix E). It is possible, however, to increase the
aperture by calibrating speckles for different incident
angles, and by understanding how light of different
incident angles interacts to form complex speckle pat-
terns. Such an approach could even be used to ob-
tain combined spatial and angular information on the
light field, which would allow simultaneous spatial
and angular hyperspectral characterization of light
fields. Ultimately, the angular range of the MCMMF
is limited by the evanescent coupling between adja-
cent cores, which was found to take place above 4.5◦
angle of incidence.
Our approach has the advantage of allowing snapshot
spectral images, therefore gaining spatial and spec-
tral information instantaneously, rather than relying
on slower scanning-based methods. Combined with
CS, we can limit the amount of data to be collected
at the acquisition stage, further reducing computa-
tional bottlenecks. Due to the sparsity condition,
working in the compressive regime is only suited to
recovering images with a small amount of spectral
information compared to the calibrated number of
spectral bands. However, the same CS techniques are
still able to accurately reconstruct broadband signals
when sampling above the Nyquist-Shannon limit, as
demonstrated in Figs. 3(a) and 3(b), and Fig. 4(a),
and only require a relatively small number of pixels
(> Nyquist-Shannon limit) to be selected for calibra-
tion and detection. The speed and efficiency of the
computational processes used here are dependent on
the size of X and Y and require on the order of sec-
onds to minutes to compute, depending on the size
of the STM. However, the algorithm has not been
optimized for speed, and the processing times may
be significantly reduced when using more specialized
equipment.
With the promising sub-nanometer spectral resolu-
tion achievable using a 30 cm-long MCMMF, our
snapshot spectral imaging system can resolve fine
spectral details for approximately 103 independent
spatial channels. Furthermore, for broadband appli-
cations, where a high spectral resolution isn’t critical,
a shorter MCMMF with lower spectral resolution (as
in Appendix D) could be used, to increase the speckle
contrast within each wavelength increment. This sug-
gests that fiber-based spectral imaging can be easily
tailored to a desired application.
7 Conclusions
In conclusion, we have shown that a multicore, mul-
timode fiber bundle can be used as a frequency char-
acterization component in a high-throughput imaging
spectrometer for snapshot spatial and spectral mea-
surements with sub-nm wavelength resolution. Uti-
lizing a clustering algorithm we can rapidly identify
up to 3000 individual fiber cores for fast calibra-
tion of the STM and recovery of spatial information.
Using wavelength- and fiber core-dependent speckle
patterns in combination with a transmission matrix
approach, we can exploit the realm of compressive
sensing to minimize data collection at the acquisi-
tion stage for efficient detection and reconstruction
of sparse spectral information. Our technique is ro-
bust to noise when sampling at rates above and below
the limit dictated by the Nyquist-Shannon theorem,
for complex and sparse spectra, respectively. The
imaging spectrometer and its corresponding compu-
tational technique are versatile in their design, and
the calibrated wavelength range can be tailored for
the application. This approach combines a low-cost,
compact fiber component with fast computational
techniques for snapshot spectral imaging, removing
the need for scanning-based systems.
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A Number of fiber modes
The number of speckle grains contained within each
speckle pattern is approximately equivalent to the
number of modes light is coupled to in every fiber.
The number of modes in each fiber is calculated us-
ing the following equation:
Nm ≈ 4
pi2
V 2 =
4
pi2
(
piD ×NA
λ
)2, (2)
where V is the V number of the step-index fibers, D
is the diameter of each fiber core, NA is the numerical
aperture of the fiber, and λ is the propagating wave-
length of light [49]. For a MCMMF with D = 50 µm,
NA = 0.06, and propagating wavelength λ = 670 nm,
Nm is calculated to be approximately 85 modes, cor-
responding to the number of speckle grains imaged
on the camera.
B Spectral correlation band-
width dependence on fiber
length
It was shown by Redding et al. that the spectral res-
olution of a multimode fiber spectrometer is depen-
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Figure 5: Fiber length-dependent characterization. (a) Spectral correlation function for 25 mm-length of
MCMMF with a fiber core diameter of 50 µm and spectral correlation width of 11.5 nm. (b) Spectral corre-
lation function for a 50 µm fiber core diameter and 150 mm-length of MCMMF with a spectral correlation
width of 3.5 nm. (c) The spectral correlation width scales linearly with 1/L, where L is the fiber length.
dent on the length of the fiber [9]. Here, we review
the dependence of the spectral width of MCMMFs
on their corresponding length. The spectral correla-
tion functions of two MCMMFs, with length, L, equal
to 25 mm and 150 mm, respectively, are shown in
Fig. 5(a) and (b). Taking into account the spectral
correlation width of the 30 cm-length of MCMMF
which was used in the main article, Fig. 5(c) shows
a linear relationship between the spectral correlation
width and 1/L. Hence, the spectral resolution of the
MCMMF, when implemented in the spectral imag-
ing system, will scale with fiber length. Ultimately,
a higher spectral resolution can be achieved using a
longer MCMMF due to a higher probability of modes
mixing within a greater propagation length.
C DBSCAN
Density-based spatial clustering of applications with
noise (DBSCAN) is a data clustering algorithm which
can be used to detect over-densities of information in
an image [43]. When determining the coordinates
of 103 speckle patterns produced by a MCMMF, we
need to find a fast and efficient method to avoid soft-
ware bottlenecks. DBSCAN allows us to detect ob-
jects in our images, before we can identify the co-
ordinates of their corresponding locations. For the
MCMMF output, the clusters correspond to speckle
patterns produced by each fiber core, i.e. a cluster
of high intensity speckles, with areas of low inten-
sity pixels between each core. DBSCAN requires the
following initial parameters: the maximum distance
between individual speckles for them to be consid-
ered part of the same speckle pattern, incorporated
into a parameter eps or , and the number of speck-
les contained within one speckle pattern, MinPts.
Unlike other well-known clustering algorithms, DB-
SCAN does not require prior knowledge of the to-
tal number of unique ‘clusters’, or speckle patterns.
This allows the algorithm to identify over a thousand
speckle patterns produced by the MCMMF, as well as
store the center coordinate information of each fiber
core, within a couple of seconds. To minimize the
detection of false clusters - for example, one speckle
pattern produced by a single fiber core is identified
as containing two or more clusters - the standard de-
viation of the distance between consecutive cluster
centroids is determined, and a threshold is enforced
to ensure that we only retain one coordinate for ev-
ery speckle pattern. For the purposes of this study we
used parameters of eps = 3 and MinPts = 13 for the
30 cm MCMMF spectral imaging system. From the
1400 individual speckle patterns detected, we select
an area of interest in the center of the MCMMF con-
taining approximately 800 speckle patterns coordi-
nates. The coordinates are used to identify the loca-
tions where pixel information should be collected and
stored in the spectral intensity transmission matrix
during calibration, and also post-calibration when us-
ing the spectral imaging system for detection pur-
poses.
D Spatial reconstructions
across multiple spectral
channels
An experiment was carried out to test the fidelity
of the spectral imaging system across all calibrated
spectral bands. The letter ‘M’ was imaged using a
central wavelength of 674.1 nm, and a STM with
spectral channels calibrated in increments of 0.4 nm,
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Figure 6: Spatial reconstruction across multiple spectral channels for different sampling rates: (a) when
Nλ=1 and Y/X=4, the letter ‘M’ is reconstructed in the spectral channels corresponding to 674.2 nm and
673.8 nm. Input information is not reconstructed in neighboring channels, however small noise fluctuations
are observed. (b) when Nλ=1 and Y/X=0.32, the letter ‘M’ is reconstructed in the same spectral bands as
in (a), although larger amounts of noise are observed in neighboring spectral bands.
was used to reconstruct the input signal. The recon-
structions were carried out in the case of oversam-
pling and under-sampling where the sampling rate,
i.e. the ratio of the number of AOI camera pix-
els Y to the number of independent spectral com-
ponents X, corresponded to Y/X=4 and Y/X=0.32,
respectively, as shown in Fig. 6. The resulting recon-
structions were observed in 6 different spectral chan-
nels: λ = 678.5 nm, 674.6 nm, 674.2 nm, 673.8 nm,
673.4 nm, 673.0 nm. When oversampling, as in
Fig. 6(a), the input signal is correctly reconstructed
in the spectral bands corresponding to λ=674.2 nm
and λ=673.8 nm. Apart from some small noise val-
ues, these spatial reconstructions are not observed in
neighboring spectral channels. When under-sampling
the input signal, as in Fig. 6(b), the spatial recon-
structions are detected in the correct spectral chan-
nels, however, we observe a larger amount of recon-
struction noise in other spectral bands. This result
shows that oversampling leads to high fidelity recon-
struction of spatial and spectral information. Fur-
thermore, under-sampling allows fast acquisition and
minimal data collection, but with the compromise of
more noisy reconstructions.
E Angle dependence of incom-
ing light
Further to details presented in Section 2, the relation-
ship between the incident angle of light propagating
through the MCMMF and the resulting angle corre-
lation width were determined. The angle correlation
function was plotted for angles of incidence, θ=0°, 1°,
2°, 3°, 4°, and the full width at half maximum was
determined. The resulting angle correlation width
was found to decrease as the incident angle was in-
creased, as shown in Fig. 7. This suggests that the
aperture of the spectral imaging system is reduced
as the number of speckle grains within each speckle
pattern increases.
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